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Abstract. The progression of cognitive deficits in Alzheimer’s disease and semantic dementia is accompanied by grey matter
atrophy and white matter deterioration. The impact of neuronal loss on the structural network connectivity in these dementia
subtypes is, however, not well understood. In order to gain a more refined knowledge of the topological organization of white
matter alterations in dementia, we used a network-based approach to analyze the brain’s structural connectivity network.
Diffusion-weighted and anatomical MRI images of groups with eighteen Alzheimer’s disease and six semantic dementia
patients, as well as twenty-one healthy controls were recorded to reconstruct individual connectivity networks. Additionally,
voxel-based morphometry, using grey and white matter volume, served to relate atrophy to altered structural connectivity.
The analyses showed that Alzheimer’s disease is characterized by decreased connectivity strength in various cortical regions.
An overlap with grey matter loss was found only in the inferior frontal and superior temporal areas. In semantic dementia,
significantly reduced network strength was found in the temporal lobes, which converged with grey and white matter atrophy.
Therefore, this study demonstrated that the structural disconnection in early Alzheimer’s disease goes beyond grey matter
atrophy and is independent of white matter volume loss, an observation that was not found in semantic dementia.
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INTRODUCTION22
Neuronal degeneration in cerebral grey matter23
(GM) accompanied by progressive cognitive decline24
has generally been designated as dementia [1].25
Alzheimer’s disease (AD) is the most frequent form26
of dementia and is characterized by the accumulation27
of amyloid- plaques and neurofibrillary tau protein28
tangles, which are associated with synaptic disrup-29
tion and subsequent neuronal death. Classically, these30
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biomarkers have been used to confirm the diagnosis of 31
dementia postmortem. However, due to the increas- 32
ing number of patients affected by AD and the related 33
health care and socio-economic costs, the need for 34
earlier diagnosis has increased and led to intense 35
research effort towards identifying early markers and 36
underlying mechanisms of AD [2]. 37
Using newly available technologies, a large knowl- 38
edge base has been acquired in the past couple of 39
decades allowing earlier and more refined diagno- 40
sis [3]. For instance, it has been shown that AD is 41
not only characterized by GM loss spreading from 42
the hippocampal, entorhinal, and parietal brain areas, 43
but also by white matter (WM) degeneration [4, 5]. 44
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Therefore, AD has been described as a disconnection45
syndrome [6, 7].46
Compared to AD, semantic dementia (SD) is a47
far less frequently occurring subtype of dementia.48
Semantic dementia is described as the temporal-lobe49
variant of frontotemporal lobar degeneration or the50
fluent-type of primary progressive aphasia and has51
been less investigated compared to AD [8–10]. The52
exact mechanisms of its characteristic progression of53
GM and WM loss remain unclear [11].54
Further, despite the extensive research on AD,55
the interplay of cognitive impairments, biomarkers56
of GM atrophy, reduced cerebrospinal fluid (CSF)57
amyloid- levels, CSF-tau accumulation, and cor-58
tical hypoperfusion in AD is not fully understood.59
Although the combination of several biomarkers has60
recently led to improved predictive classification of61
individuals at risk of AD, the success rate needs to be62
further improved [12, 13]. With the aim of advanc-63
ing our understanding of and ultimately achieving64
early diagnosis of AD, new emerging technologies65
are being used to investigate neuronal degeneration66
with approaches that go beyond, for example, behav-67
ioral symptomatology, GM atrophy, CSF parameters,68
and perfusion imaging. In particular, the connectome69
approach, based on the analysis of the structural con-70
nectivity network derived from diffusion-weighted71
(DWI) MRI images, has gained increasing atten-72
tion. Previous studies using this approach have shown73
that in AD, the efficiency of communication between74
widely separated regions in the brain is decreased [14]75
and that the reduction is related to disease progression76
[15]. This disruption of the large-scale integrative77
structure is thought to affect high-level cognition78
mechanisms and is present, to a lesser extent, also79
in normal aging [16]. To our knowledge, the organi-80
zational properties of the cortical structural network,81
applying a graph theoretical approach, have not82
been studied in SD. Instead, measures of fractional83
anisotropy and diffusivity have shown alterations in84
the arcuate, uncinate, or superior and inferior lon-85
gitudinal fasciculi [17–19]. The advantage of using86
graph theoretical analysis is that it provides infor-87
mation about alterations of WM connectivity, taking88
into account all brain areas of a given atlas. Hence,89
each brain region (i.e., node) is part of an entire90
network, while with fractional anisotropy and diffu-91
sivity, merely local alterations of WM connectivity92
are commonly reported.93
In the current study, we used DWI and graph the-94
ory methods to investigate the organization of the95
structural connectome in AD and SD patients and96
compared the results to those of healthy controls 97
(HC). Our analysis offers the first insight into the 98
topology of the brain’s structural network in SD 99
patients. Accordingly, no predictions of the outcome 100
of the SD group were possible, due to a lack of preex- 101
isting findings. Moreover, the inclusion of the three 102
participant groups allowed us to replicate previous 103
findings on changes in global network metrics among 104
AD patients and to verify the peculiarity of these 105
changes in this dementia subtype. Thus, the AD group 106
was expected to show a reduction in global efficiency 107
as well as strength, while the characteristic path 108
length was anticipated to be increased [14, 20, 21]. 109
The investigation of global metrics was extended 110
by testing for differences in local connectivity 111
strength. Compared to previous studies, this anal- 112
ysis benefited from an increased resolution of the 113
structural atlas, which allowed the detection of more 114
refined patterns of connectivity alterations in patients. 115
Since no previous study applied the same atlas to 116
the same patient groups, more exact predictions—in 117
addition to changes in the frontal, parietal, tempo- 118
ral, and occipital lobes in AD—were not possible [4, 119
21, 22]. Finally, novel insights were gained regarding 120
the relationship of changes in connectivity and atro- 121
phy. In other words, the present study revealed for the 122
first time the overlap of changes in GM and WM vol- 123
umes together with measures of structural network 124
connectivity alterations. 125
MATERIALS AND METHODS 126
Participants and MRI image acquisition 127
A total of 45 participants (21 HC, 18 AD, and 128
6 SD) were included in this study (Table 1). In a 129
recent study, part of this sample’s anatomical MRI 130
data had been published [23]. As can be seen in 131
Table 1, the SD group consisted of only 6 patients. 132
Low prevalence and patients’ lack of sufficient cogni- 133
tive abilities to understand the study procedure were 134
the main reasons for this limited sample size. Patients 135
with AD were recruited during their treatment at 136
the Memory Clinic of the Geriatric Department at 137
Karolinska University Hospital in Huddinge, Swe- 138
den. Expert clinicians diagnosed the patients in 139
accordance with criteria of the International Clas- 140
siﬁcation of Diseases (10th Revision). The standard 141
clinical assessment included blood sample analy- 142
ses, structural neuroimaging examinations, lumbar 143
puncture, as well as neuropsychological testing. 144
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Table 1
Participant group descriptive statistics
Healthy controls Alzheimer’s Disease Semantic Dementia chi-square df p value
Demographics Group stats
Participants [n] 21 18 6
Age [years] 69.8 (3.2) 68.1 (9.3) 65.3 (3.6) 4.3 2 n.s.
Women [n] (%) 15 (71) 10 (56) 3 (50) 2 n.s.
Total intracranial volume [ml] 1424 (146) 1415 (163) 1420 (174) 0.14 2 n.s.
Education [years] 13.8 (2.8) 13.2 (2.8) 14.2 (2.9) 0.33 2 n.s.
Neuropsychological assessment
MMSE [points] 28.7 (0.9) 24.4 (4.5) 21.5 (6.1) 27.2 2 <0.001
BNT [points] 53.9 (3.8) 46.0 (6.6) 8.2 (7.3) 25.7 2 <0.001
AF [word count] 24.2 (6.2) 14.1 (3.9) 4.7 (4.5) 28.6 2 <0.001
VF [word count] 21.6 (5.5) 11.8 (5.2) 9.0 (5.9) 23.1 2 <0.001
Scores are mean (SD), except for number of participants and number of women. MMSE, Mini-Mental State Examination; BNT, Boston
Naming Test; AF, animal fluency; VF, verb fluency; n.s., not significant.
Furthermore, patients with AD were excluded in145
case of severe WM damage. Patients with SD were146
diagnosed according to the Neary criteria and were147
recruited from throughout Sweden [24]. Patients from148
both groups were only included if the Global Deteri-149
oration Scale was below 6 (i.e., moderate dementia or150
milder) and the Cornell Depression Scale was below151
8. Healthy controls were recruited by advertisement.152
All participants had Swedish as native tongue and153
had normal or corrected to normal vision. Addition-154
ally, healthy participants and patients were excluded155
from the study if they suffered from any other medical156
or psychiatric diseases than their diagnosed demen-157
tia (e.g., previous neurological incidents, depression),158
took drug affecting the nervous system, or had mag-159
netic implants such as pacemaker. Written informed160
consent was provided by all participants. The study161
complied with the Declaration of Helsinki and was162
approved by the Regional Ethics Committee of Stock-163
holm, Sweden.164
MRI scans were recorded on a 3 Tesla Siemens165
Magnetom Trio MR Scanner (Siemens AG, Erlangen,166
Germany). Anatomical T1-weighted images were167
obtained using a magnetization-prepared rapid acqui-168
sition gradient-echo (MPRAGE) sequence, which169
acquired 176 sagittal slices with an image resolution170
of 0.9 × 0.9 × 1.0 mm (TR = 1900 ms, TE = 2.57 ms,171
TI = 900 ms, flip angle = 9◦, slice thickness = 1.0 mm;172
FOV = 230 × 230 mm2; matrix = 256 × 256, TA =173
4:26 min). Diffusion-weighted images were acquired174
based on a spin-echo (SE-) echo-planar imaging175
(EPI) protocol with two 180◦ radio frequency176
(RF) pulses (TR = 5300 ms, TE = 91 ms, voxel177
size = 2.0 × 2.0 × 3.6 mm, matrix = 116 × 116, field178
of view = 232 × 232 mm2, 42 slices, slice thick-179
ness = 3.0 mm, gap thickness = 0.6 mm, pixel180
bandwidth = 1,658 Hz/pixel). Diffusion-sensitizing181
gradients were applied at a maximal b-value of 182
1,000 s/mm2 along 30 non-collinear directions, 183
and an additional image was acquired with b- 184
value = 0 s/mm2. Two repetitions were measured and 185
averaged for the analysis. 186
Assessment of grey and white matter atrophy 187
To assess volume differences of GM and WM 188
in the AD and SD groups, a voxel-based mor- 189
phometry (VBM) was conducted. The Diffeomorphic 190
Anatomical Registration through the Exponentiated 191
Lie algebra toolbox was used for coregistration of 192
the T1-weighted images to the normalized Montreal 193
Neurological Institute template [25]. After normal- 194
ization, the images were segmented into GM, WM, 195
and CSF. The images were modulated in order to 196
maintain the volumetric information in each voxel. 197
Smoothing was performed using an 8-mm Gaussian 198
kernel. 199
Structural connectivity assessment 200
Diffusion-weighted imaging is a noninvasive tech- 201
nique that can be used to derive WM microstructural 202
properties and, in particular, to monitor WM dete- 203
rioration [26–28]. Diffusion-weighted imaging also 204
offers the opportunity to assess local WM tissue ori- 205
entation, and this feature is exploited in tractography 206
algorithms to reconstruct WM pathways that con- 207
nect different brain regions [29, 30]. The combined 208
analysis of high-resolution T1-weighted images and 209
DWI allows in vivomapping of the macro-scale archi- 210
tecture of cortical connectivity in the framework of 211
networks. The anatomical map of connections is also 212
denoted as the “connectome” [31, 32], and scalar met- 213
rics derived from computational network analysis can 214
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be used to quantitatively characterize its organiza-215
tion and were recently found to be useful in detecting216
alterations in diseased populations [16].217
A network is given by a set of nodes connected by218
edges that can be undirected or directed and weighted219
or unweighted. It can be represented by the adjacency220
matrix A, in which each column/row is associated221
with a node, and the element Aij >0, if there exists222
an edge between node i and node j. In our analysis,223
the weighted individual networks representing brain224
structural connectivity were constructed as follows:225
1. The automated parcellation of the T1-226
weighted images was performed in227
FreeSurfer (Athinoula A. Martinos Center228
for Biomedical Imaging, Harvard-MIT, Boston229
[http://surfer.nmr.mgh.harvard.edu]). The230
Destrieux atlas was used giving 148 cortical231
structures that were then used as regions of232
interest for fiber tracking [33]. Labels and233
names of the regions of interest can be found234
in Supplementary Table 1. Subsequently, T1-235
weighted images were co-registered to the first236
b0 image by means of the between modality237
coregistration methodology using information238
theory, and finally re-sampled to the b0 images239
space. The T1-b0 transformation was also240
applied to atlas image using nearest neighbor241
interpolation. The Normalized Mutual Infor-242
mation cost function was employed to estimate243
a 12-parameter (degree of freedom) affine244
transformation matrix to transform voxels from245
MRI to b0 space. SPM5 tools were used to246
perform non-linear registration.247
2. Data from the two consecutive diffusion-248
weighted imaging sequences were concate-249
nated. Motion and eddy currents correction of250
diffusion-weighted images was performed in251
the Functional Magnetic Resonance Imaging252
of the Brain FMRIB software library ver-253
sion 5.0 (FSL, [http://www.fmrib.ox.ac.uk/fsl],254
[34]). Probabilistic fiber tracking was per-255
formed in FSL according to Behrens, Woolrich256
et al. [35]. A separate connectivity map was257
created for each region of interest with seeds258
in each voxel of the region. Tracking parame-259
ters used were 5000 generated paths from each260
seed point, 0.5 mm step size, 500 mm maxi-261
mum trace length and ± 80 degrees curvature262
threshold.263
3. A network is given by a set of nodes connected264
by edges that can be undirected or directed,265
weighted or unweighted. It can be represented 266
by the adjacency matrix A in which each col- 267
umn/row is associated to a node and the element 268
Aij >0, if there exists an edge between node i 269
and node j. The weighted individual networks 270
representing brain structural connectivity were 271
constructed as follows: 272
1) Each region of interest was a node. 273
2) An undirected edge aij between nodes i and j 274
was established if the sum of the connectivity 275
values between voxels of nodes i and j (or vice 276
versa) was higher than the connectivity thresh- 277
old. 278
3) Two weighting schemes were used. For the 279
anatomical connectivity number (ACN) scheme 280
a weight w(aij) equal to the total number of 281
reconstructed fibers between region i and region 282
j was assigned to each edge [36], while for the 283
anatomical connectivity density (ACD) scheme 284
an additional correction for the size of the nodes 285
was applied. 286
Network metrics 287
In this section, the network metrics considered in 288
our analysis are defined: degree, strength, clustering 289
coefficient, characteristic path length, and efficiency. 290
We denote W as the weighted adjacency matrix of the 291
network and A as the binary connectivity matrix. In 292
general, the notation w is used to indicate weighted 293
network metrics (i.e., metrics computed using W). 294
Properties characterizing the whole network organi- 295
zation are denoted as global, while local properties 296
are specific for each node. The detailed definition 297
used can be found in the Supplementary Methods 298
and further interpretations can be found in Rubinov 299
and Sporns [37]. 300
Convergence of local connectivity changes 301
and atrophy 302
With the aim of investigating to what extent con- 303
nectivity alterations overlap with neuronal atrophy, 304
an average atlas over all participants was created to 305
merge the results of GM volume and local connectiv- 306
ity strength. First, all individual T1-weighted images 307
were co-registered to the normalized Montreal Neu- 308
rological Institute template in SPM8, and the same 309
transformation was used for the individual atlases. 310
Then, each voxel of the normalized space was asso- 311
ciated with the most common label occurring across 312
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all the participants at that location. The statistical313
image containing all significant voxels of the VBM314
analysis (family-wise error corrected at p < 0.05) was315
overlapped to the average atlas obtained in order to316
determine regions affected by atrophy. More specif-317
ically, a region of interest was considered altered by318
atrophy if at least 1% of its volume, or more than 50319
voxels, were included in the difference map.320
Software description and statistical analysis321
The preprocessing of the VBM with the322
T1-weighted images was run using the VBM8 tool-323
box (http://dbm.neuro.uni-jena.de/vbm) integrated in324
SPM8 (http://www.fil.ion.ucl.ac.uk/spm). For sta-325
tistical VBM analysis, SnPM (version 13.1.03;326
http://warwick.ac.uk/snpm) was used in order to327
account for the relatively small sample sizes.328
To compute statistical images, six non-parametric329
regressions (three for GM and three for WM), with330
5,000 permutations per test, were performed. Vari-331
ance smoothing with 8-mm FWHM was applied,332
producing so-called pseudo T-values. In particular,333
masked (GM and WM, respectively) whole-brain334
images were fed into the regressions, and the sta-335
tistical inference was performed at voxel-level with336
a family-wise error rate correction of p < 0.05. Age,337
gender, MMSE score, and the intracranial volume338
were included as variables of no interest to minimize339
for possible confounding effects. Results of inter-340
est were the (pseudo-) T-statistics between HC and341
patients with AD as well as between HC and SD342
patients, yielding GM or WM volume reductions in343
the patient groups.344
Graph metrics were computed using the Morpho-345
Connect toolbox [38] and subroutines of the Brain346
Connectivity toolbox (https://sites.google.com/site/347
bctnet/). For visualization of the lesions in348
the brain networks, BrainNet Viewer was used349
(http://www.nitrc.org/projects/bnv/, [39]). Global350
network metrics were compared using t-tests and351
a linear regression that included age and sex as352
covariates. For the analysis of local network met-353
rics, non-parametric randomization tests were used354
including false discovery rate correction for multiple355
testing [40].356
To analyze demographics and neuropsychologi-357
cal assessments, the non-parametric Kruskal-Wallis358
test in the SPSS software (version 23, IBM Corp.,359
Armonk, NY, USA) was used. Post-hoc tests were360
performed using the non-parametric Mann-Whitney361
U-test. Likewise, the relationship between the global362
network metrics and the neuropsychological test 363
scores was investigated with the non-parametric 364
Spearman correlation coefficient. For all analyses, the 365
corrected significance threshold was set at p < 0.05. 366
RESULTS 367
Demographics and neuropsychological 368
assessment 369
Table 1 provides mean values and standard devi- 370
ation as well as group statistics of the available 371
demographic information and the neuropsycholog- 372
ical assessment conducted with the participants. The 373
non-parametric Kruskal-Wallis test did not yield any 374
group differences of age, gender, total intracranial 375
volume, or years of education. In contrast, all four 376
neuropsychological assessments showed significant 377
group differences. Post-hoc analysis confirmed that 378
AD and SD patients had lower scores than HC in 379
all tests (HC – AD: MMSE, U = 29, p < 0.001; BNT, 380
U = 57, p < 0.001; AF, U = 35, p < 0.001; VF, U = 35, 381
p < 0.001; HC – SD: MMSE, U = 1, p < 0.001; BNT, 382
U = 0, p < 0.001; AF, U = 0, p < 0.001, VF, U = 9, 383
p < 0.001). The two patient groups differed only in 384
the BNT and AF (AD – SD: BNT, U = 0, p < 0.001; 385
AF, U = 5, p < 0.01). 386
Neuronal atrophy 387
For this study, T-contrasts between HC and AD 388
patients, as well as between HC and SD patients, 389
were used to identify brain regions with signifi- 390
cant GM and WM volume reductions. Therefore, 391
results of six separate non-parametric voxel-wise vol- 392
ume comparisons are reported. Grey matter atrophy 393
was found in the AD group, most extensively in 394
the hippocampi and parahippocampal gyri of both 395
hemispheres (Fig. 1). Additional areas with reduced 396
volume were found in the right superior frontal sulcus 397
as well as the right inferior precentral sulcus. Other 398
affected clusters included the right superior tempo- 399
ral lobe and temporal pole (Supplementary Table 2). 400
In the SD group, two large clusters were detected 401
bilaterally, both spreading over the inferior and mid- 402
dle temporal lobe, temporal pole, parahippocampal 403
gyrus, fusiform gyrus, and insula (Supplementary 404
Table 2). There was a hemispherical asymmetry 405
towards the left with an approximately 20% higher 406
amount of significant voxels (Fig. 1). In Supplemen- 407
tary Table 2, GM differences between AD and SD 408
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Fig. 1. Orange shaded areas visualize grey matter volume reduc-
tions (p < 0.05 family-wise error rate corrected) of Alzheimer’s
disease and semantic dementia groups compared to healthy con-
trols. S, superior; P, posterior; L, left; I, inferior; A, anterior; R,
right.
are listed, showing lower volume in SD mainly in409
temporal lobes, accentuated in the left hemisphere.410
Focusing on the WM volumes, the AD group did not411
show any reduction in comparison with the HC group.412
In contrast, WM atrophy was found in SD (HC - SD)413
in the right temporal lobe (# of voxels = 494, pseudo-414
T = 7.74, p < 0.001). The comparison between the two415
patient groups (AD - SD) showed two clusters, one416
in the left temporal lobe (# of voxels = 148, pseudo-417
T = 6.76, p < 0.01), and the other in the right temporal418
lobe (# of voxels = 24, pseudo-T = 5.89, p < 0.05).419
Structural connectivity alterations420
Global network metrics were compared among the421
three groups. The ACN weighting scheme revealed422
that most of the metrics highlighted significant dif-423
ferences between HC and patients with AD as well as424
between HC and SD patients, and these differences425
were stable across different thresholds (Fig. 2 and 426
Supplementary Tables 3 and 4). The metrics show- 427
ing the most pronounced differences were density, 428
efficiency, and characteristic path length. When the 429
ACD weighting scheme was applied, the effects for 430
density, efficiency, and characteristic path length per- 431
sisted to a reduced extent (Supplementary Table 5). 432
These effects remained significant after correction for 433
age and sex (Supplementary Table 3). In summary, 434
both patient groups showed a reduction in network 435
density combined with a loss of integration in the 436
network. No significant differences of global network 437
metrics were found between the AD and SD group. 438
The local network strength was compared over 439
all nodes for the anatomical connectivity number 440
weighting scheme. In order to reduce the number 441
of comparisons, only the regions that showed sig- 442
nificance for the ACN weighting scheme were tested 443
for the ACD networks. Consistent with the results of 444
the global network metrics, ACD results showed a 445
loss of strength in different nodes. Changes in the SD 446
group are more focused in the temporal lobe, while 447
changes in the AD group are more distributed. Differ- 448
ences of network strength between AD and SD could 449
be localized mainly in left temporal nodes. The com- 450
plete list of significant nodes for the ACN networks 451
is reported in Supplementary Table 6. The analysis of 452
the ACD networks showed a reduction in the number 453
of significant changes. In particular, for SD patients, 454
only a few nodes of the temporal lobe showed sig- 455
nificant changes, while for AD patients, significant 456
changes persisted in some parietal and frontal regions 457
(Supplementary Table 7). The only node that differed 458
between AD and SD was found in the left polar plane 459
of the superior temporal gyrus. 460
Relation of global metrics and cognitive scores 461
The Spearman’s rank correlation revealed moder- 462
ate yet significant correlations of global metrics with 463
the four neuropsychological test results included in 464
the analysis. Table 2 lists all significant correlation 465
indices and p values. 466
Convergence of abnormal connectivity 467
with neuronal atrophy 468
Figure 3 shows the overlap of atrophy and the 469
strength of altered cortical connectivity in the patient 470
groups. For AD patients compared with HC, changes 471
in connectivity strength were largely distributed also 472
in regions distant to the focus of atrophy. Only a 473
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Table 2
Spearman correlation coefficients of global metrics (ACN weighting scheme with a connectivity threshold of 2000) with neuropsychological
test scores
MMSE BNT Animal fluency Verb fluency
Global density 0.43 (0.002)∗ 0.40 (0.003)∗ 0.52 (<0.001)∗ 0.44 (0.001)∗
Global strengthw 0.36 (0.007) 0.30 (0.021) 0.50 (<0.001)∗ 0.40 (0.003)∗
Clustering coefficient 0.31 (0.020) n.s. 0.42 (0.002)∗ n.s.
Clustering coefficientw n.s. –0.28 (0.32) –0.43 (0.002)∗ –0.36 (0.007)
Characteristic path length –0.41 (0.002)∗ –0.46 (0.001)∗ –0.50 (<0.001)∗ –0.46 (0.001)∗
Characteristic path lengthw –0.41 (0.003)∗ –0.36 (0.007) –0.55 (<0.001)∗ –0.48 (<0.001)∗
Global efficiency 0.41 (0.003)∗ 0.47 (0.001)∗ 0.53 (<0.001)∗ 0.47 (0.001)∗
Global efficiencyw 0.39 (0.004)∗ 0.34 (0.011) 0.53 (<0.001)∗ 0.46 (0.001)∗
False discovery rate-corrected significant p-values (p < 0.006) marked with asterisk. MMSE, Mini-Mental State Examination; BNT, Boston
Naming Task; w, weighted; n.s., not significant.
Fig. 2. Boxplots of the global network metrics for healthy control (HC), Alzheimer’s disease (AD), and semantic dementia (SD) groups.
Metrics were computed based on networks with ACN weighting scheme and a connectivity threshold of 2000.
few regions showed a reduction in both GM vol-474
ume and connectivity strength: two nodes of the right475
frontal gyrus, and one in the left temporal superior476
sulcus, and left angular parietal gyrus. When SD was477
compared with HC, a larger overlap of changes in478
connectivity and atrophy was found. Moreover, addi-479
tional changes in connectivity appeared to be spatially480
close to the focus of the atrophy in the temporal lobe.481
The comparison between AD and SD revealed lower482
connectivity strength in SD merely in nodes of the left483
anterior temporal lobe that showed also a more severe484
atrophy than AD. Note that, due to the larger variabil-485
ity in the definition of the sub-cortical regions [41],486
only cortical regions are included in the network and 487
therefore, the hippocampus and amygdala regions are 488
not shown in Fig. 3, although they did exhibit atrophy. 489
DISCUSSION 490
By measuring the regional brain volume of GM 491
and WM as well as structural connectivity concomi- 492
tantly in the same study participants, the present study 493
identified a specific pattern of atrophy and changes 494
in structural connectivity strength among AD and SD 495
patients. The following are the key results. First, local 496
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Fig. 3. Visualization of the local differences in the cortical networks of healthy controls versus Alzheimer’s disease (top row) and healthy
controls versus semantic dementia (bottom row). Colored nodes indicate significant differences in connectivity strength (green nodes), grey
matter volume (blue nodes, significant difference in at least 50 voxels and >1% of the region), or both (red nodes).
network disruption in AD extended beyond the atro-497
phied brain regions. Second, WM volume was not498
decreased in the early AD group and did not appear to499
be related to WM disruption. Third, reduced network500
strength in patients with SD was localized proximate501
to GM and WM atrophy, all found mainly in the tem-502
poral lobes. Fourth, the global network metrics were503
correlated with neuropsychological test scores on the504
Mini-Mental State Examination and assessments of505
word fluency.506
Neuronal atrophy analysis507
In order to shed light on the particular course508
of WM disconnection and neuronal degeneration in509
dementia, the stage of the disease should be consid-510
ered. In a longitudinal study, McDonald et al. [42]511
found that atrophy rates in patients with prodromal 512
and early AD vary substantially and depend on the 513
cortical region and the severity of the impairment. 514
Furthermore, there is evidence that medial tem- 515
poral atrophy occurs before the clinical diagnosis of 516
AD [43]. During the early stage of AD, accelerated 517
atrophy can be localized in the temporal, frontal, cin- 518
gulate, and occipital regions [42]. Thus, we compared 519
these findings to GM loss in the patients with AD in 520
our current study and observed an atrophy pattern 521
that clearly matched the classification of an early 522
stage of AD. In particular, the core of GM volume 523
reduction was found in both anterior medial temporal 524
lobes involving the hippocampus and parahippocam- 525
pus. Additional areas (e.g., middle and inferior frontal 526
regions as well as the left angular and cingulate gyrus) 527
exhibited reduced volume. For the SD group, the 528
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localization pattern of the GM volume loss can be529
clearly distinguished from the one of the AD group,530
a finding that replicates previous reports [44, 45].531
Clearly, neuronal atrophy was found to spread from532
the temporal poles over the lateral and medial tem-533
poral regions bilaterally toward the fusiform gyri,534
with a lateralization to the left. In addition, the insu-535
lar areas were affected in the patients with SD. In536
other words, while GM atrophy was more locally537
restricted to the temporal lobes in SD, patients with538
AD showed a more extended distribution of volume539
reduction over the cortex. Hence, our GM volumet-540
ric analysis results are comparable to those published541
previously [46–49].542
Since AD is characterized as a disconnection syn-543
drome, it would be expected to show WM atrophy,544
especially proximate to hippocampal or entorhinal545
areas as a recent review article suggested [6]. This546
was, however, not the case in our AD group. One very547
probable reason for this outcome is the early disease548
stage, as mentioned earlier. Accordingly, the neuronal549
degeneration would have not affected WM volume550
yet, but WM connectivity certainly was affected.551
Another possible reason could be WM volume reduc-552
tions in these brain regions in healthy older adults,553
depending on their risk of converting to AD, as554
observed by Stoub et al. [50]. This measure was not555
available for the HC group in our study, and, there is556
a possibility that reduced WM volume in the tempo-557
ral lobes in the HC group might have obscured such558
findings in our AD group. Nevertheless, our analysis559
showed that the AD group did not exhibit progressive560
WM degeneration compared to the HC group. Then561
again, this was the case for the SD group, who showed562
WM volume reductions in the right temporal lobe.563
Connectivity analysis564
Our analysis of global cortical network metrics565
revealed a common pattern for AD and SD patients;566
there was a loss of density and efficiency, together567
with an increase in the characteristic path length. An568
additional correction for age and sex was included569
in our analysis to ensure that these changes were570
not due to group differences in age and sex, which571
could have had a confounding effect [51]. The572
results on the AD network organization are consis-573
tent with the literature on the topic [14, 15, 20].574
Previously, this combination of changes has been575
associated with a loss of integration in the network576
and reduced efficiency in communication between577
distant regions. Such a disruption of long-range578
connections is thought to underlie the high-level cog- 579
nitive impairments seen in AD patients [16]. 580
The consistency of these results across different 581
studies, including also studies quantifying the struc- 582
tural connectivity assessed with cortical thickness, 583
indicates that the global network metrics may be a 584
valuable biomarker of dementia in the future. Two 585
results support this possibility. On the one hand, we 586
showed moderate yet significant correlations between 587
neuropsychological test scores and several network 588
metrics. A similar result was found previously among 589
patients with mild cognitive impairment, using the 590
Mini-Mental State Examination score, which indi- 591
cates that this correlation of netwo k topology with 592
functional outcome can be also detected at early 593
stages of cognitive decline [52]. On the other hand, 594
Daianu et al. [15] showed that the changes in 595
the network density, efficiency, and path length 596
increase together with disease progression. Together, 597
the results of the global network metrics analysis 598
highlight the link between disease severity and the 599
network organization. 600
However, while the differences between HC and 601
patients were clear, as well as consistent with pre- 602
vious studies, no significant difference was found in 603
the direct comparison of the global network metrics 604
between the two dementia subtypes. This suggests 605
that to gain insight into the underlying mechanisms 606
and identify a biomarker specific to each dementia 607
subtype, it is necessary to investigate the local pat- 608
tern of changes in the network organization. Indeed, 609
the analysis of the local network strength showed two 610
different patterns for AD and SD. 611
On the one hand, in the AD group, distributed 612
changes were observed, indicating a connectivity loss 613
in a large number of regions in the frontal, occipi- 614
tal, parietal, and temporal cortex. This pattern reflects 615
a relatively global loss of connectivity strength that 616
does not appear to be strictly related to the pattern of 617
GM atrophy. Previous DWI studies on AD patients 618
identified a disruption of WM specifically in tracts 619
like the corpus callosum, superior and inferior lon- 620
gitudinal fasciculus, and cingulum bundle [4, 22]. 621
These large bundles connect the occipital, frontal, 622
parietal, and temporal lobes as well as the parahip- 623
pocampal and cingulate regions, hence making these 624
results consistent with the widespread loss of con- 625
nectivity in our study. Additionally, Daianu et al. 626
[21] tested the local degree of a selection of regions 627
of the network core and demonstrated a significant 628
loss of connections in several regions of the frontal, 629
temporal, and parietal lobe. 630
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On the other hand, the pattern of changes in the631
SD group largely overlapped the atrophied regions of632
GM. Specifically, reduced connectivity strength was633
found in a large number of temporal regions in the634
circular insular cortex as well as in the parahippocam-635
pal gyrus. Overall, the analysis of local connectivity636
strength provided a major outcome that may be use-637
ful for future studies: our analysis of local network638
metrics adds specificity to distinguish between the639
different dementia subtypes. In this matter, it would640
be interesting to combine different network met-641
rics in a classification algorithm to detect regions642
and indices that are more sensitive to the speci-643
ficity of each subtype. In addition, our results suggest644
that it is possible to select a subset of regions645
to further explore the differences between the two646
dementia subtypes (e.g., left anterior temporal lobe);647
future studies should provide more detailed descrip-648
tions of the connections that allow detection of the649
changes.650
Local convergence of connectivity and GM loss651
One of the aims of our paper was to shed light652
on the relationship between the loss of GM and WM653
and structural connectivity changes. The observation654
was that the connectivity analysis obtains additional655
information compared to that provided by the WM656
volume analysis. That is, only SD patients showed a657
local reduction in WM volume in the temporal lobe,658
while wider connectivity changes were found in both659
SD and AD patient populations. A possible explana-660
tion may be a higher sensitivity of diffusion analyses,661
compared to structural MRI, for detecting changes in662
WM integrity [53].663
In our analysis, the focus was mostly set on the664
cortical regions and hence on the GM volume loss.665
The alteration patterns in local connectivity strength666
appeared to be different not only in terms of the667
regions affected, but also in the proximity and overlap668
with the GM atrophied regions. As mentioned before,669
in AD alterations of connectivity strength were spread670
over regions distant from the focus of atrophy, while671
in SD, the connectivity changes appeared to be more672
strictly related to the GM loss.673
A critical point in the analysis of brain struc-674
tural networks is the selection of the connection675
weights (see also limitations section). In our study,676
we selected the streamline count, and it can be argued677
that this particular weight may be affected by the678
volume of the regions [54]. Therefore, we also per-679
formed the analysis with a correction for the region680
of interest size (see Supplementary Methods). This 681
correction should have the effect of reducing differ- 682
ences due to GM volume between the two groups. The 683
results with the modified weighting scheme showed 684
that changes were reduced, especially for AD, but per- 685
sisted in a number of regions. Hence, this additional 686
analysis supports the hypothesis that changes in con- 687
nectivity are not a mere consequence of GM atrophy. 688
Previous studies found that, especially in the early 689
stages of AD, WM disruption can have a course par- 690
tially independent from GM atrophy, while, at a later 691
stage, more congruence is found between GM atro- 692
phy and WM disruption [4, 55]. Because our patients 693
showed a pattern of atrophy consistent with an early 694
stage of AD, it is possible that the regions showing 695
lower connectivity will be affected by atrophy at a 696
later stage. 697
Limitations 698
There are some methodological limitations to the 699
current work related to the general framework of con- 700
nectome analyses. In the literature, criticism of the 701
analysis of brain structural networks mostly relates 702
to two major points: the capability of current trac- 703
tography methods to reliably reconstruct the network 704
and the difficulty of defining a meaningful weight 705
for the connections [56, 57]. In our analysis, we 706
decided to construct the networks using methods that 707
are commonly used in the literature, and, in order 708
to verify the robustness of our results, we repeated 709
the analyses for different connectivity thresholds and 710
two weighting schemes. Nonetheless, both weight- 711
ing schemes that we investigated were related to the 712
number of reconstructed streamlines in tractography. 713
This number is only indirectly related to axon density, 714
myelination, and conduction velocity, and this should 715
be kept in mind in the interpretation of the connection 716
strength used in our analysis. The recent develop- 717
ment of more complex diffusion models or the use 718
of multimodal approaches will allow more mean- 719
ingful measures of axonal density in future studies 720
[58–60]. 721
Finally, the size of our SD group was relatively 722
small, and this limited the statistical power of our 723
analyses. Consequentially, the significant effects of 724
the SD group might have been overestimated and 725
need replication by an independent, ideally larger 726
sample of patients with SD. Nonetheless, the consis- 727
tency between the connectivity results, the atrophy, 728
and the symptomatology suggested that the results 729
are valuable for further studies. 730
Un
co
rre
cte
d A
uth
or
 P
ro
of
J. Andreotti et al. / Network Disruption and Atrophy in Dementia 11
CONCLUSION731
The finding that the patients with AD had aber-732
rant connectivity spread over the cortex matched733
the observation that they showed several cognitive734
deficits in, for example, episodic memory, seman-735
tic memory, executive functions, and attention. On736
the other hand, the reduced connectivity strength in737
the SD group was restricted to their temporal lobes.738
This finding could be related to the symptomatology739
of SD, which exclusively affects semantic memory,740
commonly characterized as a temporal lobe func-741
tion. Therefore, one can assume that the course of742
SD is not comparable to that of AD, and this study743
demonstrates that the progression of SD is deter-744
mined not only by GM atrophy localization and745
distinct symptomatology, but also by the topology746
of the structural network. Moreover, our approach747
of relating structural connectivity alterations to neu-748
ronal atrophy helped contribute crucial insights as to749
the course of AD, which must be considered in future750
studies. In general, this study supports the hypothe-751
sis that AD can be characterized as a disconnectivity752
syndrome, and shows that it involves more than GM753
or WM atrophy and affects WM structural integrity754
as well.755
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